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S1. Cell State Transition Model:
In our experiments, we have observed three distinct cell-types based on morphology: cobble (CB), elongated spindle (ES) and circular (CR). Each of these cell types is considered as an individual cell state. In our cell state transition model, we have assumed that a cell can transit from one state to another. The total number of cells in our experimental system varies with time as cells divide and die. Therefore, we have considered death and birth of cells. 
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Mathematically this state transition model is represented by the following set of conservation equations for a time interval [t, t+ Δt]: The system has the following constraints: a) 0 ≤ − ( ) ≤ 1, for i = CB, ES and CR; j = CB, ES, CR and DD. Summation of Equations 5-8 gives the overall conservation equation of the system, 
S2.1 Estimation of the fraction of cells dividing:
Our experimental observations are at six time points (t = 0, 12, 24, 36, 48, 60 h). From equation 9, we estimate the fraction of cell dividing at each time interval. Equation 9 can be written in matrix form,
In vector notation, this equation is written as ( ) = ( ) × ( )
We estimated the unknown ( ), through linear least square optimisation. We used TrustRegion-Reflective Algorithm implemented in MATLAB lsqlin function [1] .
The estimated qi values are shown in the Supplementary Table S1 .
S2. 2 Estimation of fractional flow of cells from one state to other states:
Cell state transition in our experiments is reversible and key signaling processes like phosphorylation of EGFR changes with time. Also, we have not observed any steady state for cell state transition data in the interval of 0 to 60 hr. Therefore, we cannot consider constant flow
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rates of cells from one state to another. We estimated the fractional flow of cells from one state to another state for each of the 12 hr intervals.
Eq ( , where i = CB or ES or CR, we do not need to separately estimate the fractional flow of cells to dead state. Therefore, the above matrix can be reduced to,
This can be written in vector notion as
We have estimated the elements of Q(t) in section S2.1. Now we estimate ( ) of Equation 10, for each 12 hr interval, from the experimental data using parameter optimization. Objective function for this optimization can be written as
where e(t) is the residual between observed and estimated C(t+Δt).
However, for an underdetermined system, such an objective function can cause overfitting and can generate extremely different A(t)for each time interval. That would be unrealistic as the cell state transition parameters in two successive time points in a real biological system will not differ drastically.
S7
Following Chiba et al. [2] we assume that the difference in each element of A(t) of two consecutive time intervals is small in terms of L1-norm of the difference. This allows us to constrain the parameter space and estimate the A(t) for all the time intervals simultaneously.
The objective functions used for estimation of cell state transition parameters are,
Here, T = (0 h, 12 h, 24 h, 36 h, 48 h) and Δt = 12 h.
We used a well-established multi-objective genetic algorithm, NSGA-II, proposed by Deb [3] that is implemented in MATLAB function gamultiobj. This was used to minimize both the objective functions simultaneously. We performed 1000 independent optimization, and the best parameter set in each run was decided through Pareto front analysis [4] . The best parameter set from these 1000 optimization runs is considered as the optimized parameter values and used in further analysis. A similar method was used to estimate the transition parameter for the shorttime experiment (T = 24, 27, 30, 33, 36 h).
All the estimated parameters are shown in the Supplementary Table S2 . As a representative data of the estimation method, the Supplementary Figure S13a shows the Pareto plot for one of the thousand independent runs for estimating the parameters for cells treated with 10 ng/mL of EGF.
Supplementary Figure S13b shows the distribution of objective functions for these thousand runs. Supplementary Figure S14 shows the estimated fraction of cells in each cell state from the model using the selected parameter set. 
S3. Null model:
In the null model, we assume that the observed changes in the distribution of cells in three morphological states originate solely from cell division and cell death and there is no transition from one live cell state to another live cell state.
The model for this is just a reduced version of our full model,
The system has the following constraints: MDA-MB-468 cells were treated with 10 ng/mL of EGF and number of nearest neighbours for each cell was measured by image analysis. A radial distance of five pixels from the periphery of each cell is defined as the neighbouring distance to that particular cell. Cells lying within the neighbouring distance of a cell are the nearest neighbours to that particular cell. The differences
